Abstract: Forests in Washington State generate substantial economic revenue from commercial timber harvesting on private lands. To investigate the rates, causes, and spatial and temporal patterns of forest harvest on private tracts throughout the Cascade Mountains, we relied on a new generation of annual land-use/land-cover (LULC) products created from the application of the Continuous Change Detection and Classification (CCDC) algorithm to Landsat satellite imagery collected from 1985 to 2014. We calculated metrics of landscape pattern using patches of intact and harvested forest in each annual layer to identify changes throughout the time series. Patch dynamics revealed four distinct eras of logging trends that align with prevailing regulations and economic conditions. We used multiple logistic regression to determine the biophysical and anthropogenic factors that influence fine-scale selection of harvest stands in each time period. Results show that private lands forest cover became significantly reduced and more fragmented from 1985 to 2014. Variables linked to parameters of site conditions, location, climate, and vegetation greenness consistently distinguished harvest selection for each distinct era. This study demonstrates the utility of annual LULC data for investigating the underlying factors that influence land cover change.
Introduction

History of Commercial Logging in Washington State
The history of the commercial timber industry in the state of Washington dates back more than 150 years. Historically, much of the logging in Washington has taken place in the Cascade Mountains due to its abundance of softwood conifer forests. Even today, logging of Washington's forests continues to be an essential part of the regional economy and a major source of wood products produced in the United States.
The first federal logging regulations and large scale privatization of forest lands began in the early 1900s [1] . Prior to the latter half of the 20th century, federal involvement in the restriction of log exports was relatively muted due to the widespread perception of forests as a limitless resource that was useful for driving economic activity [2] . That standpoint changed with the rapid increase of foreign demand for timber after World War II. Growing concern about the depletion of domestic stocks ultimately resulted in the Department of the Interior and Related Agencies Appropriations Act of 1973, which introduced a near-total ban on the export of unprocessed logs from federal lands west of the 100th meridian in the contiguous United States [2, 3] . The Forest Resources Conservation and Shortage Relief Act of 1990 further banned unprocessed timber exports from state-owned forests in the same geographical region, except for selected species and grades [2, 4] .
Other laws were introduced to address growing conflicts between proponents of conserving intact Pacific Northwest (PNW) forests as biodiversity reserves and those in favor of maximizing revenue opportunities. The most far-reaching legislation was the 1994 Northwest Forest Plan (NWFP) [5] , which set forest management policies for more than 9.7 million ha of federal forestland in the PNW and northern California [6] and reduced federal harvest projections by 80% [7] . Increasingly, regulators have also broadened economic and environmental policies to cover private forests. For example, Washington's Timber Excise Tax was enacted in 1971 to tax timber harvested on private lands (excluding tribal lands), and amended in 1982 to include timber harvested on state and federal lands [8] . Similarly, revisions to the Washington State Forest Practices Rules (Title 222 WAC) in 1999 and 2006 led to stricter harvest laws in non-federal forests where logging could impair stream quality [9, 10] . Contemporary forest practices continue to be shaped by federal and state regulations and private land management. Despite a tightening of regulatory oversight over time, timber harvesting on private lands remains relatively unencumbered compared to the forestry practices on federal and state lands.
Understanding Rates and Patterns of Forest Disturbance
Understanding current rates and patterns of forest disturbance is necessary for monitoring and predicting the degree of forest cover loss, fragmentation, and ecological change across a range of geographic scales. These assessments are critical for land managers charged with balancing the economic and environmental consequences of timber harvest. Researchers continue to wrestle with the question of how best to acquire accurate, timely, and consistent overviews of forest change, condition, and extent. Field collection of data can be a viable monitoring technique over large extents (e.g., the US Forest Service's Forest Inventory and Analysis (FIA) program) but such studies are designed to compile national-scale statistics rather than capture local land change dynamics [11] . Increasingly, aerial and satellite imagery are the preferred tools for informing large-scale monitoring of landscape change [12] . Imagery from the Landsat series of satellites provides a multi-decade record of repeatable, mid-resolution (30 m) measurements that are suitable for detecting land cover change and tracking forest trends at broad spatial scales [13] .
Until recently, most regional-to-national scale studies that rely on Landsat imagery to investigate forest disturbance processes and consequences applied a snapshot approach, in which change is documented at discrete multi-year intervals. The 2008 policy decision by the US Geological Survey to make all new and archived Landsat data freely available to the public has led to scientific analyses that incorporate an increasing number of cloud-free Landsat images in a given time frame [13] . Concomitant advances in computing power and sophistication of image processing platforms have contributed to major gains in change detection and forest mapping efforts (Table 1) . For example, the Global Forest Change (GFC) effort maps global forest extent, loss, and gain for the period 2000-2012 at a 30-meter spatial resolution [14] . Forest changes are tracked in every Landsat scene with Google Earth Engine and summarized annually. Similarly, the Continuous Change Detection and Classification (CCDC) algorithm uses all available Landsat data to characterize historical land change at any point across the full Landsat record [15] . Finally, Cohen et al. [16] illustrate the advantages of using the rich Landsat archive and ensembles of change detection approaches to improve forest cover change monitoring.
Monitoring continuous land use/land cover (LULC) change allows researchers to detect and classify land change information at a finer temporal resolution than interval-based approaches, in which the extended periods between image dates may obscure intervening land alterations [17] . Furthermore, change detection on annual time steps is more appropriate for most forest monitoring applications [11] . Perhaps the most critical advantage afforded by the generation of continuous LULC change information is the ability to link land changes to corresponding causal mechanisms. Annual land change estimates can be coupled with temporally dense biophysical, climatic, and anthropogenic datasets to more effectively associate individual events or short-term change drivers with resultant changes on the ground. The USGS Land Change Monitoring Assessment and Projection (LCMAP) initiative is a new effort to develop a land cover mapping and land change detection system using the CCDC algorithm [18, 19] . The purpose of LCMAP is to continuously track and characterize changes in land cover, use, and condition at high temporal and spatial resolutions. The derived information will be applied to assessments of historical and future processes of change in order to support decisions relevant to resource management and environmental policy. Using a modified Anderson classification scheme [20] consistent with the Land Cover Trends Project [21] , LCMAP will eventually publish wall-to-wall, national-scale maps of annual land cover and land cover change from 1985 onward. This time period coincides with the availability of Landsat Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), and Operational Land Imaging (OLI) data.
Initial development and testing of CCDC for LCMAP commenced using a pilot scene in Washington (Landsat Path 46, Row 27) that encompasses all or part of three US Environmental Protection Agency level III ecoregions [22] : North Cascades, Cascades, and Eastern Cascades Slopes and Foothills [18] . Forestry represents the most common contemporary land use change in each of these regions [23] .
Understanding the Causes of Forest Change
Incorporating land change information into a historical assessment requires an analysis of the factors that influence the rates and patterns of each land change process. In regions such as the Cascades, where forest harvest is the predominant change process, logging rates and spatial patterns vary over time based on timber availability (i.e., supply), domestic and foreign demand, federal, state, and local tax policies, environmental regulations, and individual landholder decisions (Figure 1 ). Timber supply in the Pacific Northwest can be largely influenced by environmental conditions affecting growing conditions [24] . Timber demand is directly influenced by construction stemming from domestic and international economic and population growth [25] . Cultural influences can shape public attitudes towards land uses such as forest harvest. Public beliefs and behaviors can lead to vastly different outcomes, directly influencing regulatory decisions and/or technological innovations that may stimulate or suppress forest harvest rates [26] . Where sufficient data are available, statistical analyses like linear regression, regression tree applications [27] , or logistic regression approaches [28] can be applied to understand how the likelihood of harvest events increases or decreases based on underlying drivers. In recent years, multiple logistic regression (MLOR) has become the favored method for modelling land cover change outcomes [29] , and has been applied in numerous forest studies ranging from the potential distribution of forests [30] to deforestation [31] . 
Objectives
The objective of this study is to characterize and interpret the patterns of forest disturbances on private lands in the Cascade Mountains, Washington using LCMAP land cover data for the period 1985-2014. Our hypotheses are that the high temporal and spatial resolution of the dataset will allow us to (1) detect and track short-term fluctuations in forest land cover conversion rates and patterns that can be linked to contemporaneous driving forces, and (2) identify the key biophysical parameters that influence forest conversion during periods of consistent timber demand. Within broad ecoregion boundaries, our focus is on timber harvest on private lands given their more elastic response to driving factors compared to the constrained logging practices on federal and state lands. Our overall intent is to determine the facility of the annual LCMAP products for capturing and providing insight into forest cover dynamics, with the goal of extending the analyses to broad-scale investigations of diverse land cover classes across the U.S.
Materials and Methods
Study Area
The USGS LCMAP project commenced with a single Landsat scene in Washington State (Path 46, Row 27). To understand the patterns and characteristics of forest disturbances on private lands in this region, we concentrated on three EPA Level III ecoregions in the Cascade Mountains, where forest cover change processes are less complex than in the Puget Lowlands ecoregion to the west. The specific ecoregions included in this study are the North Cascades (EPA Level III ecoregion number 77) and the portions of the Cascades (4) and Eastern Cascades Slopes and Foothills (9) in Washington ( Figure 2 ). Collectively, these ecoregions are characterized by a high degree of topographic relief and a temperate climate with a pronounced west-east moisture gradient; the western region receives approximately twice the annual precipitation as the eastern slopes (20th century mean of 1874 mm vs. 939 mm [32] ). The 72.5% of the land cover classified as forest (on the basis of the 2014 LCMAP layer) is predominantly composed of highly productive, coniferous tracts. Douglas-fir (Pseudotsuga menziesii Franco) is the most abundant species on the western side of the Cascades, followed by western red cedar (Thuja plicata Donn ex Don), Pacific silver fir (Abies amabilis Douglas ex Forbes), western hemlock (Tsuga heterophylla Sargent), red alder (Alnus rubra Bongard), and bigleaf maple (Acer macrophyllum Pursh). On the eastern side of the study area, Douglas-fir and ponderosa pine (Pinus ponderosa Douglas ex Lawson) are most common, with some grand fir (Abies grandis Lindley) Figure 1 . Illustration of factors that may influence forest change over time. Factors may operate simultaneously, functioning either as independent or interconnected processes.
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Methodological Approach
Our methodological approach consisted of detecting and analyzing forest cover change in annual LCMAP products to isolate forest harvest conversions, quantifying multi-year trends in spatial patterns of forest cover to identify periods of relatively consistent harvest practices, and applying MLOR to identify the main spatial characteristics that determined where forest harvest occurs.
The initial LCMAP product is a 1985-2014 series of annual land cover maps that include a transitional disturbance class (Cover Disturbance Map; hereafter CoverDistMap). An initial assessment of CoverDistMap forest class dynamics in our study area suggests that timber harvest is 
The initial LCMAP product is a 1985-2014 series of annual land cover maps that include a transitional disturbance class (Cover Disturbance Map; hereafter CoverDistMap). An initial assessment of CoverDistMap forest class dynamics in our study area suggests that timber harvest is the leading cause of conversions to the disturbed class, followed by forest fire. Unidirectional changes in forest cover due to development and agriculture are limited in the Cascade Range [23] , and were not analyzed in this study. We applied a semi-automated approach to the annual CoverDistMap maps to separate timber harvest from other types of forest disturbances. To identify conversions attributed to fire, an interpreter intersected fire perimeters derived from Monitoring Trends in Burn Severity [34] and USGS Burned Area Essential Climate Variable maps [35] with LCMAP data for the corresponding year. The pixels within each fire perimeter were examined in the CoverDistMap layers immediately prior to and after the fire event (i.e., fire year +/− 1 year) to verify which changes definitively resulted from a burn. Identified pixels were reclassified to a new fire disturbance class. This class is analogous to non-mechanical disturbances mapped by Land Cover Trends [21] and was excluded from subsequent analyses. To focus on forest disturbances, we produced annual from-to conversion maps from the modified CoverDistMap products that were limited to conversions from forest (Year1) to disturbed (Year2). All maps were clipped to a private land mask created by editing a land inventory dataset [36] to exclude areas owned by local, state, or federal entities. For the purposes of this study, private lands are defined as industrial, non-industrial, and tribal lands, which are included because they are often exempt from state and federal regulations. The distinction between industrial forestland, which is owned by forest product companies and managed primarily for timber harvest, and non-industrial forestland is not clearly defined [37] . Since spatially explicit ownership data are not complete for the study area, we group all private lands together without further distinctions. Approximately 27% of the study area, or 1.41 million hectares, is made up of lands defined as private.
Patch Trend Analysis
We utilized FRAGSTATS [38] landscape metric software to investigate the spatial dynamics of forest and forest-harvest classes on private lands across the study area. In each of the annual 1985-2014 LCMAP maps, we aggregated forest and forest-harvest pixels into respective patches using an 8-cell neighborhood rule; that is, all pixels belonged to a given patch if they were orthogonal or diagonal neighbors with a member of that patch. A qualitative comparison of isolated harvest and forest pixels to aerial photography suggested that single pixels could not be reliably confirmed as accurate, so we removed all patches smaller than 1 hectare [39] to reduce commission errors prior to further processing. For each set of annual class patches we calculated common landscape metrics, including number of patches, mean patch size, total area, mean perimeter/area ratio, and mean Euclidean distance between patches [38] .
To identity statistically significant trends, all forest and harvested forest patch metrics were subjected to non-parametric Mann-Kendall tests for monotonic trends [40, 41] and Theil-Sen tests [42, 43] for the full time series . Monotonic tests are not optimal for time series that include discrete events [44] . Since the abruptness of forest harvest events can be interpreted as breaks, we also tested the time series using Breaks for Additive Season and Trend (BFAST) [45] to identify distinct segments potentially influenced by different spatial or non-spatial drivers (i.e., availability of viable lumber, domestic and international demand, policy, etc.)
Spatial Statistical Analysis
We performed a spatial statistical analysis to determine the biophysical, climatic, and environmental parameters that differentiate harvested from unharvested forest cover. Sampling of event presence and event absence areas was performed with the goal of establishing a sampling ratio within a range consistent with the literature [46] . Forest harvest (i.e., disturbance) events were randomly sampled from forest-to-disturbance conversion patches in each year . Landsat 7 data were compromised by the sensor's scan line corrector failure [47] , and resulted in insufficient Enhanced Vegetation Index (EVI) data coverage for 2012. Landsat 8 data are incomplete in 2013 due to the satellite launch early that year. Since one of the key covariates is a measure of prior-year greenness, we constrained the time frame to 2012 to match the tenure of Landsat 5 data. To create candidate locations most likely to consist of pixels unaffected by mixed-area issues common at class boundaries [48] , we restricted each annual set of patches to those larger than 2 ha and then buffered each area inward by 30 m. A set number of random samples were selected from within all remaining patch areas. Sampling non-changing forest as a proxy for harvest absence required a different process to identify persistent forest pixels in the LCMAP time series. We intersected all annual CoverDistMap layers to identify pixels that were consistently forest from 1985-2014. Random samples were selected from the unharvested patches after filtering for patch size and buffering inward, as was performed with the disturbance patches. The harvested/unharvested points were merged into a single file. To lessen the influence of spatial autocorrelation (spatial dependence across all variables) in the statistical analysis [49, 50] , we applied a minimum 1-km distribution distance between samples. A total of 2486 samples were obtained, with 952 selected from the unharvested areas and 1534 selected for harvested areas. Approximately 50 random samples were collected for each year in the time series; however, for a few years fewer than 20 harvest samples met our criteria. In the end, the event to non-event ratio varied from 1:1 to 1:9 for each interval.
The dichotomous outcome structure of our dataset (harvested/unharvested) made the choice of a logistic regression analysis appropriate. Logistic regression accepts a binary dependent variable and a set of predictor variables that can include continuous as well as categorical data. Multiple logistic regression analyses are complex, and should be structured to reflect plausible relationships [51] . All statistically significant model variables were evaluated to ensure that each was plausible given the ecological and human dimensions of forest harvest practices. Our pool of potential covariates included factors deemed likely to contribute to favorable forest habitat (i.e., where are conditions most conducive to forest growth?), to influence decisions related to logging logistics (where is it most convenient, feasible, and economical to log?), or to describe the suitability of the trees for harvest (where are the stands appropriate for logging?). We assembled 23 biophysical (soils, elevation, water), climatic (temperature and precipitation), cultural (transportation, population centers, housing density), and vegetation (greenness and stand age) parameters, most of which were adapted from [52] (Table 2) . For the purposes of this study, we treated climatic parameters as static given their long-term influence on tree growth characteristics. Vegetation index metrics were included to highlight differences in greenness characteristics between harvested and unharvested forest cover. While vegetation indices measuring canopy greenness have been applied in select studies to approximate vegetation productivity [53, 54] , metrics may help identify subtle conditional differences in tree canopy where trees targeted for harvest grow relative to trees that remain uncut, or may merely differentiate forest types preferentially targeted for harvest. In comparison to deciduous stands, coniferous tracts display higher greenness index values in the winter [55] , exhibit less variance throughout leaf-on/leaf-off seasons [56, 57] , and generally appear darker [58, 59] . Our hypothesis was that logging areas should consistently reflect these characteristics given the commercial preference for softwood (i.e., coniferous) products: harvest samples would have lower growing season greenness and less variability over the course of a year. We chose to evaluate the Enhanced Vegetation Index (EVI), which was expressly designed to circumvent signal saturation possible with the Normalized Difference Vegetation Index (NDVI) [60] . To create an imagery time series, we assembled all surface reflectance Landsat 5 images over the study area from 1985-2012 in Google Earth Engine [61] . We applied a cloud, shadow, and water mask to each image prior to calculating mean growing season (June-August) EVI, maximum growing season EVI, and annual EVI standard deviation at each harvested/unharvested sample location. To ensure that the vegetation signal was not affected by harvest within or adjacent to each pixel of interest, we associated each point with the EVI metrics from the prior year.
Explanatory variables were extracted to sample points and analyzed using MLOR procedures in statistical software packages SAS version 9.3 (SAS Institute Inc., Cary, NC, USA, 2013) and R version 3.2.3 [62] . Only variables meeting a 95% significance were included in the model selection process. Logistic regression also requires that variables are independent of one another, which can be evaluated using measures of collinearity in the correlation matrix. A correlation threshold of 0.5 was used to identify collinearity between statistically significant variables and remove variables that were not independent.
We performed a stepwise MLOR analysis of harvested forest (presence) and unharvested forest (absence) against the set of explanatory variables. We trained models on 75% of the data and withheld the remaining 25% to test the developed model for goodness of fit and predictive capability. The Wald statistic was used to assess the significance of the individual explanatory variables. Model goodness of fit was evaluated with respect to the receiver operating characteristic (ROC) curve [31] which plots the sensitivity of a test (i.e., the proportion of true observations that are correctly classified as positive) against its specificity (i.e., the proportion of negative observations that are correctly classified as such). The plot is created by varying the threshold value that determines whether probabilities are classified as positive or negative. Models with high discrimination ability will have both high sensitivity and high specificity, translating to a greater amount of area under the curve (AUC). AUC values of 0.5 indicate a random model, in which the explanatory variables do a poor job of informing the predicted observational states.
Results
Patch Trend Analysis
Patch analysis reveals that landscape pattern and structure in the Cascade ecoregions changed over the study time frame, though the individual dynamics of forest and harvest land cover types differed. Between 1985 and 2014, private forests contracted and became significantly more fragmented, as the total forest cover area and mean patch size steadily decreased and the number of discrete patches increased ( Figure 3 ; Table 3 ) (p ≤ 0.001 for all tested metrics). The landscape shift from relatively fewer, larger patches to more numerous smaller patches is reflected in the declining distance between patches. The increase in forest patch perimeter-to-area ratio suggests that cohesive forest patches also became more irregularly shaped. In contrast, the analysis of harvest patch dynamics yields no statistically significant trends (p > 0.05 for all metrics). Harvest patches exhibit more variability and shorter periods of consistent behavior-increase, decrease, or no trend-throughout the time series, thus justifying the use of BFAST to characterize abrupt changes within the full time period (Figure 4) . A general summary of map conversions confirms that harvest is the leading forest conversion driver in the study area. Total patch area for forest to fire and forest to developed conversions average 600 hectares and <100 hectares per year, respectively. By comparison, filtered forest harvest conversions total 16,300 hectares per year on average. dynamics yields no statistically significant trends (p > 0.05 for all metrics). Harvest patches exhibit more variability and shorter periods of consistent behavior-increase, decrease, or no trendthroughout the time series, thus justifying the use of BFAST to characterize abrupt changes within the full time period (Figure 4) . A general summary of map conversions confirms that harvest is the leading forest conversion driver in the study area. Total patch area for forest to fire and forest to developed conversions average 600 hectares and <100 hectares per year, respectively. By comparison, filtered forest harvest conversions total 16,300 hectares per year on average. For each set of annual class patches we calculated common landscape metrics, including (in descending order) total class area (sum of all patch areas), mean patch area, mean inter-patch Euclidean distance, number of patches, and mean perimeter/area ratio. For each set of annual class patches we calculated common landscape metrics, including (in descending order) total class area (sum of all patch areas), mean patch area, mean inter-patch Euclidean distance, number of patches, and mean perimeter/area ratio. 
Multiple Logistic Regression
Although the general suite of variables in the MLOR analysis was consistent-only 10 of the 23 input variables were significant in at least one test-the combinations of significant factors in each time period varied ( Table 4 ). The most consistent variables were July Maximum Temperature (JulyMax) and Standard Deviation Greenness (EVI_stddev), which were significant in all tests, and Distance to Cities 25,000 or more (DistCity25) and National Elevation Dataset (NED), which were significant in all but one test. Distance to Streams (DistStream), Compound Topographic Index (CTI), Soil Moisture Content (Hydric), and Slope were significant in 3 of the 5 different time periods, while Stand Age was a factor in 2 time periods, and Maximum Greenness (EVI_max) was only significant in one. Coefficient estimates and Wald Chi scores also share considerable similarities among the 5 models presented.
The AUC values were similarly variable. The first (1985) (1986) (1987) (1988) (1989) (1990) (1991) 
Although the general suite of variables in the MLOR analysis was consistent-only 10 of the 23 input variables were significant in at least one test-the combinations of significant factors in each time period varied (Table 4 ). The most consistent variables were July Maximum Temperature (JulyMax) and Standard Deviation Greenness (EVI_stddev), which were significant in all tests, and Distance to Cities 25,000 or more (DistCity25) and National Elevation Dataset (NED), which were significant in all but one test. Distance to Streams (DistStream), Compound Topographic Index (CTI), Soil Moisture Content (Hydric), and Slope were significant in 3 of the 5 different time periods, while Stand Age was a factor in 2 time periods, and Maximum Greenness (EVI_max) was only significant in one. Coefficient estimates and Wald Chi scores also share considerable similarities among the 5 models presented.
The AUC values were similarly variable. The first (1985) (1986) (1987) (1988) (1989) (1990) (1991) and last (2008-2011) time periods returned the highest AUC scores of 0.769 and 0.738, respectively. The 3rd time period model (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) had the poorest predictive capacity, with an AUC value of 0.638, followed by the overall model with 0.681. All models yield goodness of fit (ROC) performance values that exceed those of a random prediction model. 
Discussion
Patch Metrics and Trend Analysis
The combined patch trend results indicate a long-term decrease in forest cover area despite extended periods where forest harvest rates were below the 1985-2014 mean. The sustained decline in forest cover area in this region is primarily a function of harvest, and to a lesser degree, forest disturbance due to fire. Insects and pathogens are also well documented drivers of forest cover change in the region [63] [64] [65] , but this study did not directly measure such changes. Human land-use decisions other than harvest have a minimal direct impact on the amount and structure of private forestland, since conversions to developed parcels or agriculture are low in the Cascade ecoregions. Collectively, these land change processes are altering the landscape in ways that have broad implications for local communities and wildlife. While forest cover often regenerates in the decades following harvest and fire, a steady reduction in the total amount of productive forest will ultimately contribute to declines in private harvest volumes, with attendant disruptions of rural economies that rely on timber and paper industries [64] . The land change dynamics playing out across private forests contrast sharply with the relative stability of intact landscapes managed by the largest landholder in the region, the federal government [66] .
The application of BFAST to the total harvested patch area time series identified four distinct periods. Harvest rates were moderate and increasing from 1985 to 1991; lower than average and weakly increasing from 1992 to 1996; highest but decreasing from 1997 to 2007; and once again lower than average and weakly increasing from 2008 to 2012. Private landowners make harvest decisions based on highly diverse and individual reasons, including financial considerations, tract timber age, and personal land preferences. The management of non-industrial private holdings, in particular, is largely uncoordinated and idiosyncratic [67] . The complex mix of influences prevents us from definitively ascribing a specific driving factor to each of the identified periods. Nonetheless, the segmented harvest trends loosely align with predominant economic conditions or regulatory mandates that had documented impacts on forest harvests across the Pacific Northwest.
A series of economic and regulatory factors impacted harvest rates during the 1992 to 1996 interval. Although the era was bookended by a short construction boom in the late 1980s and a larger construction boom in the early 2000s, the number of residential housing units built in the US was at or below the 1965-2015 average (1.44 million housing starts annually) [68] . The abrupt curtailment of log production on federal land by the Northwest Forest Plan [5] led to many mill closures in Washington between 1990 and 1994 [1] . The decline in overall timber industry employment [69] in response to the lowered supply of logs to process may have impacted harvesting in private lands as well by requiring landowners to haul logs farther and reducing the overall processing capacity of the milling sector. Finally, the early 1990s signaled a shift in the US trade balance pertaining to wood products. Over this period, the Pacific Northwest underwent a period of declining timber exports to East Asia [3] . Furthermore, the US also began to import more wood products from Canada (and elsewhere to a lesser degree) than it exported starting in 1993. The negative trade balance increased each year after 1993 and peaked in 2005, as reported by Standard International Trade Classification (SITC) and 1988/1992 Harmonized System (HS) trade classification system data compiled in the United Nations Commodity Trade Statistics database [70] . Forest harvest area, patch size, and patch count were highest from 1997-2007 during a sustained construction boom in the United States [68] . The final break in the BFAST segmentation corresponds well to the recession that began with the collapse of the housing market due to the sub-prime mortgage crisis [71] . International exports of forestry products from the United States increased over the 2008-2012 time period [72] ; however, domestic residential construction rates underwent a major decline [68] . In summary, trends in domestic construction demand continue to affect regional logging rates, but international demand for forestry products has emerged as a growing influence on regional logging trends.
Multiple Logistic Regression
Model variables largely characterize site conditions where softwood conifer species (e.g., Douglas-fir) grow well relative to hardwood deciduous types that are less targeted for harvest. In general, harvest samples are more likely in cooler parts of the study area, where maximum yearly temperatures are relatively low. Harvest samples are also found at relatively drier locations given the lower associated SSURGO soil moisture and Compound Topographic Index (CTI) values. Low CTI values represent places with small catchment capacity while high CTI values represent flatter places including floodplains [73] . Forest harvest may tend to occur less frequently in areas with high CTI based on tree species distributions and environmental regulations in floodplains. Douglas-fir trees, which are prized by loggers, are less abundant on active floodplains and terraces, where deciduous species such as red alder are more plentiful [74] [75] [76] . In all models, harvested samples have lower EVI standard deviation, which is a characteristic of the more stable growth dynamics of coniferous trees. These findings are generally consistent with past research indicating that deciduous forests in the Pacific Northwest may thrive in locations with more precipitation or wetter soil conditions [76] . A higher distance-to-stream metric for harvest pixels may reaffirm that logging is less common near waterways due to forest composition, but also reflects logging restrictions within riparian buffers. Washington State mandates stringent protections for trees along riparian areas, with logging prohibited or reduced within corridors of different widths from the stream edge [77] . Collectively, these findings largely confirm the results of previous studies conducted in neighboring geographies using different techniques [76, 78, 79] , suggesting that coupling remote sensing and MLOR techniques is a valid method for characterizing growing conditions for conifer-dominated forests.
Elevation and cultural variables included in each model may represent criteria describing the timber selection process. Accessibility and transportation costs directly influence logging activities [80] . The identification of lower elevations and gentler slopes with harvested points may be a function of favorable growing conditions that yield premium timber, but it is more likely that human-use decisions hold sway: trees are more accessible at lower elevations and gentler slopes, and present fewer challenges compared to steep slopes, where specialized cable logging practices are typically required. Accessibility may also explain why harvest samples occur closer to large towns and cities. Processing facilities are often located in larger municipalities, and transportation costs can be minimized.
Interpreting FIA Stand Age across samples may have limits [81] , but these data represent the best available proxy for tree age in the study area. In this study, forest stand age is a significant predictive coefficient in the 1985-1991 and 2008-2012 models, in which older trees are more likely to be selected for harvest. The average age of harvest in the random samples is 49 years (1985-1991) and 59 years (2008-2012) , which correspond to 40-50 year Douglas-fir clear-cut rotation cycles [82] . In comparison, unharvested forest samples average 48 years. While the inference can be made that unharvested forest samples may skew younger because they include young conifers nearing their cutting rotation age, the aforementioned variables included in the model suggest that these samples include deciduous trees such as red alder and maple trees that live only about 100 years. Only 0.05% of the unharvested samples exceed a 100-year stand age.
Conclusions
According to USGS Land Change Monitoring Assessment and Projection (LCMAP) data, more than 70% of the softwood harvest in the Cascade Mountains currently takes place on private lands. With many parts of Washington now used for human settlements and agriculture, and most old growth forests no longer intact, clear cutting and selective harvesting now primarily takes place in smaller and increasingly fragmented tracts of private forest.
To gain a deeper understanding of the rates, causes, and spatial and temporal patterns of forest harvest on private tracts throughout the Cascade Mountains, we decided to undertake a formal analysis of LCMAP data. By successfully resolving annual forest cover dynamics at a 30 m resolution, we not only describe logging rates and patterns for the Cascades Mountains with more detail than ever before, but also demonstrate the potential of annual land cover data for tracking landscape responses to natural, socio-economic, and regulatory external driving forces on a consistent basis. The identification of distinct trends in forest harvesting over time is the first step towards quantifying temporal drivers by identifying periods where influences differ. Segmenting the MLOR process into intervals shows how model variables change over time, and these temporal differences provide insight into shifting site conditions where trees are harvested. Collectively, our research presents an alternative approach to disentangling the site characteristics and human decision-making processes taking place on private forests in the Cascades. While the trend and regression analyses used in this application are not novel concepts, the fact that many of our results can be confirmed with previous studies further demonstrates the utility of LCMAP data for understanding why logging processes take place in specific locations.
The findings presented here represents the first of many land cover investigations in the United States using LCMAP products. As the geographical scope of LCMAP products expands to encompass the continental United States, researchers will have the opportunity to build upon past research on forest dynamics [83] by analyzing the longest annual LULC monitoring effort to date.
